This paper seeks to provide a continuous measure to represent the distance between skills acquired in tertiary education and those required in an individual's occupation. This distance measure, which is computed by combining data from the 2010 Brazilian census with information from the 2010 Brazilian classification of occupations, suggests that workers usually classified in most of the literature into a single group of mismatches are in fact quite heterogeneous in the way their occupations are associated with areas of study. Evidence also shows that, even among mismatched workers, hourly labor earnings tend to decrease as the distance measure increases. This indicates the labor earnings penalty is not the same for all mismatched workers, seemingly changing substantially depending on the level of similarity between occupation and field of study. 
Introduction
Empirical evidence shows that individuals with tertiary education employed in occupations unrelated to their fields of study earn, on average, less than those in occupations closely matched to their fields of study. Part of this labor earnings penalty has been attributed to the fact that a share of the skills acquired during tertiary education could be specific to occupations related to the chosen field of study, and those who are mismatched may be inefficiently using their skills (Robst 2007) . As also emphasized by Robst (2007) , the extent of the earnings losses associated with the occupation-field of study mismatch depends on the degree of transferability of skills. Knowledge acquired in a given field of study should be more or less valuable depending on how these skills are useful in an individual's occupation. Estimates are usually consistent with this hypothesis, as partially mismatched individuals, that is, those who hold a job that is somewhat related to their fields, usually earn more than completely mismatched ones but less than those workers who are strongly matched to their jobs (Robst 2007; Nordin et al. 2010) .
The empirical approach usually adopted to estimate the labor earnings consequences of mismatches between occupation and field of study among graduates is based on binary variables to represent their statuses as matched, weakly matched, or mismatched. However, this approach does not seem to be able to appropriately represent disparities in the degree of similarity between occupations and fields of study. Even among workers classified as mismatched, there would be great heterogeneity in the way their occupations are related to their fields of study. A mismatched worker may have an occupation in which a substantial share of the skills acquired during tertiary education is still useful, whereas another mismatched worker who completed the same program may have an occupation that requires completely different skills from those associated with the type of tertiary program completed.
The aim of this paper is to provide a continuous measure to represent the distance between skills acquired in tertiary education and those required in an individual's occupation. As shown by Gathmann and Schonberg (2010) , human capital is at least partially transferable across occupations with similar task requirements, and workers who move to a distant occupation suffer a larger wage loss than those who move to occupations with similar skill requirements to those of their former occupations. However, task specialization may already begin prior to labor market entry (Sloane 2003; Rocher 2011) . The approach adopted in this paper is similar to the one proposed by Gathmann and Schönberg (2010) to measure transferability of skills across occupations using a task-based approach, in which workers apply their skills to tasks required in their occupations to produce output. 2 Nevertheless, the empirical analysis here investigates the portability of human capital from tertiary education to occupation. The distance measure presented in this paper intends to offer more information on the transferability of skills from tertiary education to labor market than the one provided by dummies for mismatch and weak match, helping to explain whether changes in labor earnings are related to differences in the level of the education-occupation mismatch.
The empirical analysis in this paper uses data from the 2010 Brazilian census and the 2010 Brazilian Classification of Occupations (Classificação Brasileira de Ocupações 2010). Making use of information from the latter data source, each 4-digit level occupation is represented by a mix of tasks usually performed by workers. Then, the distance measure between field of study and occupation is computed based on the similarity between tasks representing an individual's occupation and tasks representing the occupation most closely related to his or her field of study. The distance measure can be imputed to each employed individual in the 2010 census dataset.
Census data reveal that about half of the Brazilian workers with tertiary education are classified as mismatched according to the classification based on binary variables. Evidence also indicates, however, there is a lot of heterogeneity in the way the occupations of those mismatched workers are associated with their corresponding areas of study. This can be illustrated by the fact that the proportion of mismatched workers in the lower tail of the distance measure distribution is almost the same as that of mismatched workers at the top of the distribution.
The results show that hourly labor earnings penalties tend to increase as the distance measure between occupation and field and study enlarges. It seems that, even among mismatched individuals, those who have occupations with similar skill requirements in their fields of study are more able to transfer skills acquired during tertiary education than workers who have occupations unrelated to their fields of study. Thus, estimates suggest that the continuous measure of mismatch presented here helps to capture an important part of the heterogeneity in the labor earnings differences between mismatched and matched workers that is not accounted for by binary variables.
The paper is structured as follows. Section 2 presents the data sources and describes the construction of the continuous distance measure between area of study and occupation. Section 3 presents the descriptive analysis of the data. Section 4 reports the empirical findings relating the distance measure to hourly labor earnings, whereas Sect. 5 has the main conclusions of the paper.
Data
The analysis in this paper combines individual data from the 2010 census, conducted by the IBGE (Instituto Brasileiro de Geografia e Estatística), with information on occupations provided by the 2010 Brazilian Classification of Occupations (Classificação Brasileira de Ocupações 2010)-henceforth CBO-from the Brazilian Ministry of Labor. This section describes these two data sources and how they are combined to provide a continuous distance measure between individuals' occupations and their fields of study.
Occupations and tasks performed in the 2010 CBO
The 2010 CBO has detailed descriptions of 607 occupations at the 4-digit level regarding workers' education and experience necessary to perform each occupation, work environment, tools and technology workers use in the occupation, personal characteristics that can affect workers' performance, and activities that are usually performed by workers in the occupation. Those descriptions are based on the developing a curriculum (DACUM) method. The DACUM process builds on the assumptions that expert workers are the best ones to describe their jobs and that a job can be described through tasks performed by successful workers.
In the first step of the DACUM process, each occupation was analyzed by a panel of 8 to 12 expert workers for two working days. This team provides the occupation profile, which includes activities that workers must perform. The panel members of each occupation are selected by the Brazilian Ministry of Labor and are considered outstanding workers in their occupations. In the second step, each occupational profile is validated by another panel of expert workers during one working day. The overall process of occupation description comprises around 7000 workers.
Thus, information on job tasks are provided by job analysts instead of being based on self-reports of job holders, as in Gathmann and Schönberg (2010) and Spitz-Oener (2006) . As argued by Handel (2016) , job incumbents may overestimate their self-reports, whereas analysts usually have less close knowledge of jobs than do the employees themselves. This latter problem could be mitigated in the case of CBO, as panel members are themselves workers in the occupation, although they probably hold higher positions, as outstanding workers, which could also affect their evaluations.
Between 4 and 14 main activities are assigned to each occupation (on average, about eight different tasks are assigned to each occupation). Based on that information, activities are arranged in about 80 aggregated groups, which are combined into 18 task categories.
3 Appendix Table 5 shows these 18 task groups.
The relative importance of task category j in occupation k is defined as:
According to this procedure, each occupation k can be characterized by an 18-dimensional task vector, where 18 j=1 Task jk = 1 for k = 1, 2,…K. For an electronic engineer, for example, planning and designing activities represent 5 out of 7 tasks, whereas selling represents almost 50% of the tasks performed by sales workers, although tasks assigned to this latter occupation also include organizing, calculating, and packing and transporting. 
The 2010 census
The 2010 census covers more than 10% of the Brazilian population and contains information on education and labor market, among many other variables. The survey provides information on workers' occupations at the (1) Task jk = number of activities assigned to category j in occupation k total number of activities in occupation k .
4-digit level. Occupations in the 2010 census can be associated with their counterparts in the 2010 CBO. Thus, the measure of task content of each occupation in the 2010 CBO, as described in Sect. 2.1, can be imputed to employed individuals in the 2010 census. For individuals who completed tertiary education, the 2010 census also gives information on their fields of study. Following the approach adopted by Nordin et al. (2010) , based on direct comparisons between occupations and fields of study, workers can be classified into three groups. Individuals in occupations closely related to their fields of study are classified as matched, while those for whom the occupation is considered only partially related to the area of study are classified as weakly matched, and mismatched individuals are those who do not belong to the latter two groups.
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The 2010 census sample used in this paper comprises only employed individuals with a bachelor's degree. Military and public workers are excluded from the sample, which is also limited to those aged between 25 and 60 years with information on hourly labor earnings, field of study, and occupation. Legislators, senior government officials, traditional chiefs and heads of villages, and senior officials of special-interest organizations are also dropped. Only those with positive labor earnings are included in the analysis. Information on field of study is defined according to the individual's highest educational degree. Thus, individuals who have a master's or a doctoral degree are also excluded because it is not possible to know whether they have a bachelor's degree related or unrelated to their occupations. After all exclusions, the sample consisted of 554,638 individuals distributed into 422 occupations, defined at the 4-digit level, and into 79 fields of study.
Measuring the distance between occupation and field of study
The next step in the empirical approach consists in attributing measures for task contents to each field of study. This way, each of the 79 fields of study is associated with its most closely related occupation, which is quite 3 These 18 task categories are similar to the 19 categories defined in the German Qualification and Career Survey (see Gathmann and Schönberg 2010; Spitz-Öener 2006) . 4 According to Eq. (1), the weights of tasks performed by an electronic engineer are the following: researching and analyzing (0.14), planning and designing (0.72), coordinating and organizing (0.14), and all other tasks have a weight equal to 0, while the results for a sales worker are: coordinating and organizing (0.11), selling (0.45), calculating (0.11), performing quality control (0.11), packing and transporting (0.11), serving and accommodating (0.11), and weights are equal to 0 for other tasks.
straightforward in most of the cases, and the task content of this occupation is assigned to the corresponding area of study. Each field of study is represented by only one 4-digit occupation. Although the assignment of the occupation most closely related to a given field of study has some degree of arbitrariness, classifying workers into matched, weakly matched, and mismatched is much more challenging, since the boundaries for these categories are usually unclear. For example, the occupation most closely associated with a degree in mechanical engineering is mechanical engineer, but it is not clear how an individual with a degree in mechanical engineering who works as a civil engineer or as a mechanical engineering technician would be classified. Appendix Table 6 shows the field of study-occupation matches, and the occupations defined as the most closely associated with each area of study. According to the approach adopted here, an individual who completed a given degree accumulated human capital to perform tasks required to work in the occupation most closely related to his or her area of study. However, for part of those workers, in particular the mismatched ones, only a fraction of the acquired human capital would be useful in another occupation. The size of this fraction depends on the similarity between tasks associated with the worker's field of study and those required in his or her occupation.
6
The distance measure between field of study m and occupation n is computed by the uncentered correlation of their vectors of tasks (Jaffe 1986): 7 The distance measure ranges from 0 to 1. When the vector of tasks in occupation n is identical to the one in the occupation representing field of study m, Dist mn is equal to 0. If the vectors of job contents representing an occupation and a field of study are completely different, the distance measure between them is equal to 1.
The distance measure in Eq. (2) performed by workers in a given occupation, but there is no information on the intensity of use of each of them. Thus, it is assumed that all activities in a given occupation have the same weight. It is also assumed that all workers perform the tasks assigned to their occupations, although there would be a lot of variation across tasks performed by workers in the same 4-digit occupation. In addition, the distance measure does not take into account that some tasks are more similar than others, and treats all tasks symmetrically. Another assumption adopted to construct the distance measure between area of study and occupation is that a given task is similar across different occupations. This is a huge simplification, since tasks are occupation-specific in some cases. The use of binary variables for mismatched and weakly matched individuals allows us to consider these specificities, in spite of the subjective approach, which could be pointed out as an advantage relative to the continuous measure proposed here.
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As a robustness check, task contents by fields of study are also computed taking into account the whole set of occupations for which a course is classified as matched instead of only the one considered most closely related. In this case, the weight of a given task associated with a field of study is the ratio between the sum of activities classified in this task across all matched occupations and the sum of all activities in all matched occupations. The distance measure computed in this way is represented by Dist*. Table 1 presents the descriptive statistics of the sample separately for individuals classified as matched, weakly matched, and mismatched, making use of dichotomous variables defined through comparisons between fields of study and occupations, similar to the approach adopted by Nordin et al. (2010) . One-third of the workers with tertiary education in Brazil are in occupations classified as matched to their fields of study, while 11% are in occupations that can be considered only somewhat related to the individuals' area of study, and more than half are mismatched. Among those in the latter group, 60% have an occupation that does not require tertiary education.
Descriptive statistics
Table 1 also reports that matched individuals earn about 40% more per hour than weakly matched and mismatched workers. The average hourly labor earnings are quite similar between the latter two groups. As also shown in Table 1 , the percentages of women and black individuals are much higher among weakly matched workers, 9 whereas mean age is similar across the three groups of workers.
The distance measure is very close to 0 for matched individuals, reaching an average value of 0.03. In fact, it is 0 for three quarters of the workers in this group. In most of the cases, this is a consequence of the approach used to associate fields of study with occupations.
10 Among weakly matched workers, the distance measure has an average equal to 0.12 and a median equal to 0.06. Among workers classified as mismatched, both the average and the median of the distance measure are about 0.50.
Panel A of Fig. 1 presents the distribution of individuals in the sample for different intervals of the distance measure between area of study and occupation. The distance measure is equal to 0 for 25% of the individuals in the sample, almost all of them classified as closely matched, including those in occupations used as reference for their fields of study. The distance measure ranges between 0 and 0.1 for 15% of the workers, most of them classified as matched or weakly matched. The distribution of workers for whom the distance measure ranges between 0.1 and 1.0 is balanced across the whole intervals.
Panel A of Fig. 1 reveals great heterogeneity among mismatched workers, who represent most of those for whom the distance measure is higher than 0.2. This is reinforced by Panel B of Fig. 1 , in which the analysis is limited to workers classified as mismatched. It can be shown that 19% of those classified as mismatched have a distance measure between 0.6 and 0.7, but all points of the distribution are well represented (except the one corresponding to zero). About 15% of mismatched individuals have occupations with quite similar activities to the ones in their corresponding fields of study, with distance measures between 0.0 and 0.2. However, the interval between 0.8 and 1, which indicates a high degree of dissimilarity between area of study and occupation, also contains 15% of mismatched individuals.
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Panel C of Fig. 1 reports the distribution of matched workers. It can be seen that most of the individuals in this group have occupations quite similar to their areas of study, and that the distance measure is zero for three quarters of them. A distance measure greater than 0.2 is an unusual situation among matched workers.
The heterogeneity of distance measures helps to explain part of the large dispersion in hourly labor earnings among workers classified as mismatched.
12 Figure 2 reports the density of hourly labor earnings distribution for mismatched individuals arranged into three groups according to the distance measure between their fields of study and occupations. Labor earnings distributions indicate a much better situation for those with distance measure between 0 and 0.2 than for those for whom the distance measure ranges between 0.4 and 0.6. However, the latter group has a better situation compared to that of individuals with occupations that are quite different from their areas of study.
Labor earnings and distance measure
between workers' fields of study and occupations
Empirical approach
Following Robst (2007)'s seminal paper, the labor earnings penalty associated with mismatches between occupation and field of study has been usually estimated by the following Mincer-type earnings equation:
where w i represents hourly labor earnings, X i is a vector of demographic characteristics, F i represents dummy variables for fields of study, M i is a dummy equal to 1 for individuals in occupations unrelated to their fields of study, and equal to 0 otherwise, P i denotes a dummy for those (3) 9 The larger proportions of women and blacks contribute to lower average labor earnings among weakly matched workers. 10 By definition, the distance measure is equal to 0 when the individual's occupation is also the one defined as the most closely related to his/her field of study. In the same way, an individual can be classified as matched, although his/her distance measure is higher than 0.
11 Appendix Table 7 shows the closest and the most distant field of studyoccupation pairs among workers classified as mismatched. Appendix Table 7 also presents the most common field of study-occupation pairs and their corresponding distance measures. 12 The Theil index is 0.85 for mismatched workers and equal to 0.58 and 0.59 for matched and weakly matched ones.
partially matched, and u i is the error term. The dummies for fields of study refer to 10 aggregated groups, whereas demographic characteristics are represented by age, age squared, gender, race, and dummies for region of residence. Penalties associated with being mismatched or partially matched are represented by coefficients β 3 and β 4 . In order to investigate whether differences between skill contents required by the occupation and those acquired in tertiary education provide additional information on the way the job-education mismatch is related to labor earnings, the distance measure (Dist i ), as stated in Eq. (2), is included as independent variable in the labor earnings equation. Equation (4) is also estimated by excluding M i and P i , that is, by using only Dist i to represent the mismatch between area of study and occupation. As a robustness check, regressions are also estimated using Dist*, whose construction is explained in Sect. 2.3, instead of Dist as the independent variable. All regressions are estimated by OLS for the total sample and separately for men and women, since empirical evidence on the consequences of the field of education-occupation mismatch usually shows different results by gender.
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It is important to mention that estimates of Eqs. (3) and (4) may be biased because of the possible correlation between mismatch variables and omitted factors. Mismatched workers may be less able than those adequately matched, and the labor earnings penalty may reflect this ability differential. Unfortunately, the 2010 census does not provide any variable that can proxy for ability. Evidence provided by Lemieux (2014) and Nordin et al. (2010) , however, shows that the inclusion of proxy variables for ability has no impact on the estimated effect of mismatch variables on labor earnings.
(4) 
Evidence on the relationship between mismatch and hourly labor earnings
Column (1) of Table 2 shows that workers classified as mismatched earn 27% (exp(− 0.318) − 1 = − 0.272) less than those in occupations related to their fields of study, controlling for demographic characteristics and fields of study. Also according to estimates, hourly labor earnings of weakly matched workers are not statistically lower than those received by matched individuals. The estimated earnings penalty for mismatched workers reported in Table 2 is larger than that reported by college/university graduates in the USA (Robst 2007 ) and in Sweden (Nordin et al. 2010 ). According to Robst (2007) , annual earnings of mismatched individuals are 11% lower compared to those having a major subject that matches their occupation, while Nordin et al. (2010) 's estimates indicate that the earnings penalty is about 20%. Both papers also provide evidence that weakly matched workers usually earn 2% less than matched ones. Fernandes and Narita (2001) , using data from the 1980 and 1991 Brazilian censuses, show that individuals in occupations closely related to their fields of study earn 13% more than mismatched ones. 14 In column (2), the distance measure and the dummies for mismatch and weak match are included at the same time as independent variables in the hourly labor earnings equation. In this case, the estimated coefficient for the mismatch dummy drops (in absolute value) from − 0.318 to − 0.076, while the coefficient for weak match drops from − 0.061 to − 0.003 and remains non-significant. So, adding the distance measure to the set of independent variables, the coefficient for mismatch dummy is about 75% smaller relative to the result reported in column (1). Also, the distance measure seems to be related to important changes in hourly labor earnings. Evidence indicates that a 0.10 increase in the distance measure, which ranges between 0 and 1, is associated with 5% lower labor earnings.
Regression in column (3) includes the distance measure between field of study and occupation, but it excludes the two dummy variables indicating the mismatch status. According to the estimated coefficient associated with the distance measure, labor earnings diminish 6% for each 0.10 increase in Dist i . In column (4), the sample is restricted to mismatched individuals, and the estimated coefficient for the distance measure is quite similar to the one in column (3). Restricting the analysis to matched workers, the estimated coefficient for the distance measure becomes non-significant [column (5)].
Appendix Table 8 shows regressions analogous to those reported in Table 2 but representing the distance between field of study and occupation by the alternative measure described in Sect. 2.3 (Dist*). The estimated coefficients associated with Dist* are larger in absolute value compared to the ones in columns (2) and (3) of Table 2 . Also, the estimated drop of the mismatch dummy coefficient between columns (1) and (2) is even more pronounced in Appendix Table 8 than in Table 2 . Evidence indicates the distance measure helps to explain differences in labor earnings that the dummies for mismatched and weakly matched individuals are not able to do. According to column (1) of Table 2 , a computer scientist who works as a telephone switchboard operator, for example, has an earnings penalty equal to 27% relative to an individual with the same degree who works as a systems analyst, which is classified as a close match between field of study and occupation, controlling for the characteristics included in the regression. The estimated earnings penalty is the same for another computer scientist who works as a physical and engineering science technician, for example. The comparison using estimates from column (1) does not take into account how activities performed by mismatched workers in their occupations are related to activities associated with their corresponding areas of study. The distance measure for a computer scientist who works as a telephone switchboard operator is 0.560, but 0.202 for an individual with the same degree who works as a physical and engineering science technician. Taking into account the estimated coefficient for Dist i in column (3), the earnings penalty for the former individual is 30%. For the latter individual, however, the estimated earnings penalty is about 10%. In both cases, the estimated penalties associated with Dist i represent one-third of the actual difference between mean hourly labor earnings for computer scientists in each of those two occupations relative to an appropriately matched computer scientist.
Repeating the same exercise described above with values from Appendix Table 7 for the closest and most distant matches provides remarkable differences. The estimated labor earnings penalty is almost 50% for an individual with a degree in accounting who works as a mixed crops grower, whereas there is no earnings penalty for another individual with a degree in economics who works as a supply, distribution and related manager, although both can be classified as mismatched. Table 3 presents the estimated results for Eq. (1) separately by gender. In columns (1) and (4), being mismatched is associated with an earnings penalty slightly more pronounced for women than for men. In addition, being weakly matched relative to having an occupation related to the field of study is associated with a drop in hourly labor earnings only for women (12%). Both Robst (2007) and Nordin et al. (2010) also show that women are more penalized as a consequence of field of study mismatch than men, mainly in the latter study.
As shown in column (2), the coefficient associated with the weak match indicator becomes positive and significant in the specification that includes the distance measure as independent variable for men, whereas the earnings penalty for a mismatch becomes non-significant. 15 Estimates for women that add the distance measure in column (5) show that the coefficients for mismatch and weak match dummies drop to around one-third and two-thirds of the values reported in column (4), and only the coefficient for mismatch remains statistically significant.
Columns (3) and (6) of Table 3 report the results of regressions that include the distance measure instead of binary variables to represent the mismatch between field of study and occupation. The estimated coefficients associated with the distance measure are almost the same for both men and women and similar to those reported in column (3) of Table 2 , using all individuals in the sample, which indicates that a 0.1 increase in the distance measure is related to a 6% drop in hourly labor earnings. Table 4 presents the estimates of Eqs. (3) and (4) separately by field of study. Column (1) shows the estimated coefficients for the mismatch dummy in a specification based on versions of Eq. (3) that exclude F i . Labor earnings penalties for working in an occupation unrelated to the area of study are more pronounced for those who completed a degree in health professions or sciences, mathematics, and computing programs, while the estimated effect is non-significant in humanities and arts.
Differences across areas of study in column (1) of Table 4 are quite similar to the ones reported by Robst (2007) for the US. According to Robst (2007) , those differences are a consequence of the fact that the level of mismatch is greater in programs that teach occupationspecific skills.
Adding the distance measure to the regressions, the coefficients for the mismatch dummy become non-significant for most of the areas in column (2) of Table 4 . The estimated coefficients associated with the distance measure in column (3) are negative and significant at the 1% level for all fields of study, ranging between − 0.37 (sciences, mathematics, and computing) and − 0.92 (law).
In order to investigate whether the relationship between log of labor earnings and the distance measure is non-linear, Fig. 3a plots the estimated coefficients associated with dummies for 10 intervals of the distance measure in a regression similar to those in columns (1)-(3) of Table 2 , but representing mismatch by that set of dummies. The reference group is represented by those for whom the measure is equal to 0. According to the results, there is no income penalty for workers for whom the distance measure is higher than 0 but lower than 0.1, whereas those with a distance measure between 0.1 and 0.2 have a labor earnings penalty equal to 10%, which is equivalent to the earnings reduction associated with a distance measure equal to 0.17, according to column (3) of Table 2 . Among those in occupations that are quite different from their fields of study, for whom the measure falls on the interval between 0.9 and 1.0, the estimated coefficient in Fig. 3a indicates a 44% reduction in labor earnings. This value corresponds to an earnings penalty associated with a distance measure of 0.98 in column (3) of Table 2 . Figure 3b shows the predicted change in log of labor earnings as a function of the distance measure, using the estimated coefficient in column (3) of Table 2 , and the estimated coefficients for distance and distance squared in a specification where this latter variable is included in the model. 16 Both Fig. 3a , b indicate that the relationship between the distance measure and hourly labor earnings seems to be linear.
Table 4 Hourly labor earnings and mismatch by field of study
The dependent variable is the logarithm of the hourly labor earnings. All regressions include age, age squared, a dummy for female, a dummy for black and regional dummies. Regressions are estimated by OLS and t-statistics are in brackets Standard errors are clustered at the occupation-field of study level *, **, ***-indicate significance on the 10%, 5% and 1% level respectively
Equation (3)
Equation ( 
Conclusions
Students at university/college usually learn skills necessary to work in an occupation or in a small set of occupations directly related to the chosen field of study. Although those individuals acquire general skills, most of the skills learned at this educational level are occupationspecific. For those graduate workers who have occupations unrelated to their areas of study, it is possible that a greater portion of the skills acquired during tertiary education is not useful in the labor market. The task approach to labor market distinguishes between task, a unit of work activity that produces output, and skill, a worker's endowment of capabilities for performing various tasks. Workers' skills are applied to tasks to generate output. This framework seems very appropriate for investigating the mismatch between field of study, which is related to the skills acquired during tertiary education, and occupation, which can be represented by a number of activities performed by workers. Mismatch can be characterized as a situation where workers' skills do not correspond to skills required to perform tasks in their occupations.
Even among mismatched workers with the same degree, skills acquired at university/college do not transfer in the same way to all occupations. The job task approach allows a better characterization of the degree of transferability of skills through the relationship between activities performed in an occupation directly related to the worker's field of study and those made in his or her actual occupation than the simple categorization of workers as matched, weakly matched, and mismatched. This paper intends to construct a continuous measure to represent the distance between skills acquired in tertiary education and those required in an individual's occupation. This measure is based on the similarity between activities usually performed in each individual's occupation and those required in the occupation considered the most closely related to his or her field of study. The distance measure is computed empirically by combining data from the 2010 Brazilian census and descriptions of occupations from the 2010 CBO.
According to the evidence presented in this paper, workers classified as mismatched could be quite heterogeneous. Among mismatched workers, there are individuals with distance measure close to zero, as well as those in occupations with activities completely different from activities performed in occupations related to their fields of study, for whom the distance measure is equal to one.
Estimates also show the degree of relatedness between area of study and occupation seems to be important to understand labor earnings differences between matched and mismatched workers, as well as among those classified as mismatched. Despite labor earnings penalties associated with being mismatched in most of the cases, individuals who have occupations with similar skills to those acquired in their fields of study earn more than workers who have occupations largely unrelated to their fields of study. Therefore, the results presented here emphasize the importance to consider more accurate descriptions of workers and occupations to better characterize the occupation-field of study mismatch and its consequences for labor earnings. See Tables 5, 6 , 7, and 8. 
